Abstract: This paper considers a wireless-powered communication network (WPCN) system that uses multiple unmanned aerial vehicles (UAVs). Ground users (GUs) first harvest energy from a mobile wireless energy transfer (WET) UAV then use the energy to power their information transmission to a data gatherer (DG) UAV. We aim to maximize the minimum throughput for all GUs by jointly optimizing UAV trajectories, and the resource allocation of ET UAV and GUs. Because of the non-convexity of the formulated problem, we propose an alternating optimization algorithm, applying successive convex optimization techniques to solve the problem; the UAV trajectories and resource allocation are alternately optimized in each iteration. Numerical results show the efficiency of the proposed algorithm in different scenarios.
fairness problem with harvested energy, a successive convex programming-based algorithm was proposed in [12] to design the UAV trajectory. The hover-and-fly trajectory design was proposed in [13] for a UAV-enabled wireless-powered communication network (WPCN) where the ground user harvests energy from the UAV, then uses the harvested energy to power its uplink information transmission to the UAV. To be fair, the trajectory design for two-UAV-enabled WPCN is also investigated in [14] . We did not notice this paper before we finished the first draft; moreover, their consideration is quite ideal due to the assumption of infinite capacity of battery and empty initial energy. It has been verified in [9] that in traditional WPCN the initial energy in the battery and the capacity of the battery would significantly impact the energy use strategy. In this paper, we focus on how the settings of the battery impact the trajectory design and resource allocation for a two-UAV-enabled WPCN, with the safety distance also considered, in our system model, with one UAV being for energy transfer and the other for data gathering. We propose an alternating optimization algorithm jointly optimizing the resource allocation and UAV trajectories.
System Model
As shown in Figure 1 , we consider a UAV-enabled WPCN with two UAVs and multiple GUs, where the users harvest energy from the energy transfer (ET) UAV and send information to the data gatherer (DG) UAV. All GUs are equipped with two antennas, each of which is dedicated for either energy harvesting or for information transmission, over orthogonal frequency bands. We consider a three-dimensional (3D) Cartesian coordinates system, each user k ∈ K {1, . . . , K} is fixed at a given location, denoted by (x k , y k , 0). As shown in Figure 2 , we focus on UAV-enabled energy/data transmission in one particular time period T, which is divided into N equal time slots, i.e., T = N∆. The elemental slot length ∆ is chosen to be sufficiently small, such that the distance between the UAVs and the users can be considered approximately constant. We assume that the UAVs fly horizontally at a constant altitude H .
denote the trajectory of the ET UAV and DG UAV projected on to the horizontal plane at each time slot n ∈ N {1, . . . , N}. Accordingly, the distance between user k and ET UAV, and the distance from the DG UAV to user k are given by:
where
The air to ground channel from the UAVs to the GUs is modeled by the free-space-path loss model [4] : the time-varying downlink and uplink channel of user k at time slot n are given by
and
where γ 0 denotes the channel power at the reference distance d = 1m. Each UAV needs to return to its initial location by the end of each period, so the following constraints should be maintained:
Considering the maximum speed constraints and collision avoidance constraints, we have:
whereN = 1, . . . , N − 1, V max denotes the maximum speed of UAVs in m/s, and d min denotes the minimum safe inter-UAV distance in meter. Now, we explain the transmission protocol for our system model: the ET UAV broadcasts the wireless energy signal to all GUs all the time. The transmission power during slot n at the ET UAV is denoted by P ET [n] ≥ 0, the total enabled energy for energy transfer at ET UAV is Q, i.e., ∑
If the battery capacity is unlimited, the harvested energy in user k at time slot n can be given as:
where ζ k denotes the energy conversion efficiency of user k; let ζ k = ζ, k ∈ K for simplicity. Ground Users: Each slot is equally divided into K subslots for time-division multiple access (TDMA)-based wireless information transmission, the k-th subslot of duration δ k in slot n is dedicated to user k with transmission power P k [n].The stored energy of user k in the battery at the time instant just before slot n is denoted by B k [n]:
where B k [1] denotes the initial energy at the user k. The energy for information transmission should be stored before transmission, which leads to energy causality constraints:
Suppose the capacity of the rechargeable battery E max is limited, we have the following constraints:
For all slots, the time resource allocated to user k is δ k , i.e., ∑
Accordingly, the average rate R k of user k over N slots can be written as:
Our objective is to maximize the minimum average rate of the users by optimizing both the ET/DG UAV trajectory q ET [n] and q DG [n], the time allocation δ k , the user power allocation P k [n] as well as the ET UAV power control P ET [n]. Defining R min = min k∈K {R k }, the optimization problem can be formulated as:
where P max k and P max ET represent the peak transmission power of the user k and of the ET UAV, respectively. Due to the constraints in (12)- (14) and (17), the problem is a non-convex optimization problem, which is, therefore, hard to solve with convex optimization techniques. In the following section, we first consider the trajectory optimization with given a resource allocation scheme, then optimize the resource allocation with fixed UAV trajectories.
Proposed Solution

Trajectory Optimization
For any given recourse allocation δ k ,P k [n] and P ET [n], (P1) can be optimized by solving the following problem: 
P1) can be reformulated as :
It can be easily verified that (P2.1) and (P2) have the same optimal solution that is satisfied with equality in constraints (20). Because we can always decrease the distance from the UAVs to the users until they are equal, a larger channel power gain not only brings more harvested energy (which will result in a lager region for data transmission) and the minimum throughput can be increased. However, (P2.1) is still non-convex, so we apply successive convex optimization [15] . Given the trajectory of ET UAV and DG UAV in the r-th iteration, due to convex function is lower-bounded by its first-order Taylor expansion at any point [16] , in local point q r DG [n], R k is lower-bounded by:
Similarly, with given local point Q r ET [n], the lower bound for E k [n] can be expressed as follows:
Moreover, by applying the first-order Taylor expansion at the given point Q r x [n] to q x [n] − w k 2 , x ∈ {ET, DG}, we have:
For constraints (16), we have the following inequality:
With given Q r x [n], x ∈ {DG, ET}, the problem can be approximated as:
- (16) (P2.2) is a convex optimization problem that can be solved by existing convex solvers, e.g., CVX [17] . The optimal solution of (P2.2) is the lower bound of (P2.1).
Recourse allocation for ET UAV and Users
With a given UAV trajectory {q ET [n], q ET [n]} and time allocation δ k , the power allocation can be optimized by:
It can be easily checked that (P3) is a convex optimization problem that can be solved efficiently by an optimization tool. Please note that (P3) is a typical energy allocation problem in WPCN, thus the optimal power allocation schemes of each ground user are given by the classic "staircase" water-filling solution. Finally, we need to optimize the time allocation δ k for given trajectories and power allocation; this is a very easy convex problem and details are omitted here for brevity. Please note that for every given trajectory, we should alternately optimize the power allocation and time resource until convergence. Algorithm 1 can be summarized as follows: Update r = r + 1 10: until converge or maximum number of iterations; Consider an optional initial trajectory which is formed by connecting the users who locate in the edge area. All users should locate in the area that projects the trajectory on to ground. In this paper, such a trajectory is formed by connecting four users located in four corners. Suppose the total traveling distance of this initial trajectory is L 1 , if V max T ≥ L 1 , we choose this trajectory as initial trajectory. Otherwise, the trajectory is initialized as follows. The initial trajectory is a circle where the UAV flies with a constant speed 0 ≤ V ≤ V max . The radius of initial trajectory of DG UAV is set as r initial DG = min 
Simulation Results
In this section, we provide numerical results to evaluate the performance of our proposed Algorithm 1. Consider a system with K = 9 GUs which are in a 100 × 100 m 2 area, as shown in Figure 3 . Similar to [13] , the peak transmission power of ET UAV and ground user is set as P max ET = 20 W and P max k = −10 dBm, respectively. The reference channel gain γ 0 is assumed to γ 0 = −30 dB and the receiver noise power is given by σ = −90 dBm. The energy harvesting efficiency is set as ζ k = 0.55. Figure 3 shows the trajectories with T = 30 s; it is impossible for a UAV to visit every user in such a short time period, thus both ET and DG UAV fly in the center area. (b) and (d) in Figure 3 shows that the ET UAV spends more time in left side area to charge the users whose initial energy is insufficient. When T = 60 s, we can observe from (a) and (c) in Figure 4 that no matter whether energy capacity is infinite or not, both ET UAV and DG UAV tried to visit every ground user. This because only when a UAV flies over a user does it achieve the best channel gain. By comparing (a) and (c) with (b) and (d), one key observation is that the initial energy in users still plays key role in ET UAV trajectory where ET UAV does not visit users whose initial energy is sufficient. We plot the UAV trajectories in Figure 5 when T = 90, and here, as T is sufficiently large, the initial energy in users has no significant influence on the average throughput so that both ET and DG UAV can visit every user in all situations.
In Figure 6 , the power allocation to the user located in the southwest of the area is plotted. It is observed that in all cases the optimal power allocation performs staircase "water-filling", where the water levels are not decreased. We check the distance between the two UAVs in Figure 7 , and the results show that they always fly with the safety distance maintained. Figure 8 shows the minimum throughput of the K user versus the available transmission power at ET UAV, with T = 60 s; the throughput increases more slowly when the available transmission power becomes large. Furthermore, with sufficient power at ET UAV, the performance gap is observed to become small, because the user can always transmit with their peak power. Now, we compare the minimum-throughput performance for different situations with respect to the time period T in Figure 9 . To validate the effectiveness of our proposed scheme, the performance of initial trajectory without power allocation is also plotted. It is observed that our scheme can significantly improve the minimum throughput. On one hand, with the time interval T increased, the UAV can visit more GUs, meaning there may be more time slots that can enjoy the favorable channel gain; on the other hand, as the energy for WET is a constraint, the increased time interval may decrease the average throughput. Hence, as shown in Figure 9 , the throughput of the whole system first increases then decreases with the increase of T. Finally, we evaluate the convergence of our proposed algorithm for T = 60 s; in Figure 10 , the algorithm converges within at most 5 iterations for different situations. 
Conclusions
In this paper, we have investigated the multi-UAV-enabled WPCN where the ET UAV is dedicated to WET and the DG UAV collects data from multiple GUs. The UAV trajectories, power allocation at the GUs, and ET UAV are jointly optimized to maximize the minimum throughput among all GUs. To solve the non-convex problem, we divide the primal problem into two subproblems. By means of alternating optimization and successive convex optimization techniques, the locally optimal solution can be efficiently obtained by the proposed algorithm, which has been shown to converge. Numerical results demonstrate the efficiency of the proposed algorithm in different scenarios. 
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